Analysis of Genetic Variation Indicates DNA Shape Involvement in Purifying Selection. by Wang, Xiaofei et al.
UC Irvine
UC Irvine Previously Published Works
Title
Analysis of Genetic Variation Indicates DNA Shape Involvement in Purifying Selection.
Permalink
https://escholarship.org/uc/item/6nf8q4wm
Journal
Molecular biology and evolution, 35(8)
ISSN
0737-4038
Authors
Wang, Xiaofei
Zhou, Tianyin
Wunderlich, Zeba
et al.
Publication Date
2018-08-01
DOI
10.1093/molbev/msy099
 
Peer reviewed
eScholarship.org Powered by the California Digital Library
University of California
Analysis of Genetic Variation Indicates DNA Shape
Involvement in Purifying Selection
Xiaofei Wang,†,1 Tianyin Zhou,*,†,‡,1 Zeba Wunderlich,2 Matthew T. Maurano,3 Angela H. DePace,4
Sergey V. Nuzhdin,1 and Remo Rohs*,1,5
1Molecular and Computational Biology Program, Department of Biological Sciences, University of Southern California, Los Angeles, CA
2Department of Developmental and Cell Biology, University of California Irvine, Irvine, CA
3Institute for Systems Genetics, New York University Medical Center, New York, NY
4Department of Systems Biology, Harvard Medical School, Boston, MA
5Departments of Chemistry, Physics and Astronomy, and Computer Science, University of Southern California, Los Angeles, CA
†These authors contributed equally to this work.
‡Present address: Google Inc., Mountain View, CA
*Corresponding authors: E-mails: tianyinz@alumni.usc.edu; rohs@usc.edu.
Associate editor: Banu Ozkan
Abstract
Noncoding DNA sequences, which play various roles in gene expression and regulation, are under evolutionary pressure.
Gene regulation requires specific protein–DNA binding events, and our previous studies showed that both DNA sequence
and shape readout are employed by transcription factors (TFs) to achieve DNA binding specificity. By investigating the
shape-disrupting properties of single nucleotide polymorphisms (SNPs) in human regulatory regions, we established a
link between disruptive local DNA shape changes and loss of specific TF binding. Furthermore, we described cases where
disease-associated SNPs may alter TF binding through DNA shape changes. This link led us to hypothesize that local DNA
shape within and around TF binding sites is under selection pressure. To verify this hypothesis, we analyzed SNP data
derived from 216 natural strains of Drosophila melanogaster. Comparing SNPs located in functional and nonfunctional
regions within experimentally validated cis-regulatory modules (CRMs) from D. melanogaster that are active in the
blastoderm stage of development, we found that SNPs within functional regions tended to cause smaller DNA shape
variations. Furthermore, SNPs with higher minor allele frequency were more likely to result in smaller DNA shape
variations. The same analysis based on a large number of SNPs in putative CRMs of the D. melanogaster genome derived
from DNase I accessibility data confirmed these observations. Taken together, our results indicate that common SNPs in
functional regions tend to maintain DNA shape, whereas shape-disrupting SNPs are more likely to be eliminated through
purifying selection.
Key words: single nucleotide polymorphism, SNP, noncoding region, DNA structure, protein–DNA recognition, tran-
scription factor.
Introduction
Biomedical disease research has focused primarily on identi-
fying pathogenic nonsynonymous variants in protein-coding
regions of the genome because of the absence of functional
annotation of noncoding variants (Ward and Kellis 2012).
However, noncoding genetic variants can also be pathogenic,
as shown by numerous genome-wide association studies
(Welter et al. 2014). Noncoding variants may affect disease
pathogenesis through various gene regulatory mechanisms,
such as transcription factor (TF) binding, RNA splicing, and
mRNA degradation (Faustino and Cooper 2003; Abelson et al.
2005; Maurano et al. 2012).
TFs regulate gene expression by binding to specific TF
binding sites (TFBSs), which are traditionally described by
position weight matrices (PWMs) representing the indepen-
dent binding-affinity contributions of nucleotides at each
position of the TFBS (Stormo 2000, 2013). Nucleotide muta-
tions within and near TFBSs, or in TFBS-rich regions, can
potentially disrupt TF binding and consequentially up- or
down-regulate gene expression (Mogno et al. 2013). It is,
therefore, not surprising that TFBS regions are under strong
selection pressure (Andolfatto 2005). The three-dimensional
structure of DNA, or “DNA shape”, is an important determi-
nant of specific TF binding (Rohs et al. 2009, 2010). TFs em-
ploy base readout (direct contacts between amino acids and
functional groups of the base pairs) and shape readout (rec-
ognition of three-dimensional DNA structure) to achieve
DNA binding specificity (Slattery et al. 2014). Adding DNA
shape features to models of TF–DNA binding increases the
prediction accuracy of TF binding (Abe et al. 2015; Zhou et al.
2015; Yang et al. 2017).
Here, by analyzing the connection between DNA shape
and TF binding using single nucleotide polymorphisms
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(SNPs) called from human DNase-seq data, we found that
SNP-induced allelic differences of TF binding can be partially
explained by SNP-induced local DNA shape changes. This
observation prompted us to hypothesize that DNA shape
in TFBS regions is under purifying selection pressure. To
test this hypothesis, we analyzed SNPs derived from 216 nat-
ural strains of Drosophila melanogaster. Comparing SNPs lo-
cated in functional versus nonfunctional regions and SNPs
with high versus low minor allele frequency (MAF), we sta-
tistically showed that DNA shape is under purifying selection.
Results
Effect of SNPs on DNA Shape Varies with Allele Type
and Local DNA Context
To predict the effects of SNPs on local DNA shape, we used
the DNAshape method (Zhou et al. 2013) to analyze human
and Drosophila data sets (fig. 1A). We used the predicted
minor groove width (MGW) as predominant DNA shape
feature for evaluating the functional implications of DNA
shape readout (fig. 1B) (Parker et al. 2009). Given that the
predicted MGW at each nucleotide position is a continuous
value, we defined the DNA shape change for each SNP, in the
form ofDMGW, as the Euclidean distance between vectors of
MGW profiles of the two alleles (see Materials and Methods).
We observed that the effect of SNPs on local DNA shape
patterns varied with allele type and local DNA context. At
one extreme of the spectrum were SNPs that had a weak effect
on local shape patterns (fig. 2A and B). When a TF recognizes
the DNA shape pattern of its binding site, this recognition is
likely to be preserved for both the reference and alternative
allele of those SNPs. At the other extreme were SNPs that
completely disrupted the local DNA shape (fig. 2C and D).
We suggest that loss of function is more likely to occur with
those shape-disrupting SNPs. Between these two extremes
were SNPs that caused modest variations in local DNA shape,
which would likely still affect TF binding (fig. 2E and F). Subtle
changes in MGW lead to changes in electrostatic potential,
which will affect DNA shape readout (Chiu et al. 2017).
SNPs with Imbalanced DNA Accessibility Induced
Larger DNA Shape Changes Compared with SNPs
without Imbalance
To assess the effect of SNP-induced DNA shape changes on
TF binding, we analyzed the correlation between these shape
changes and DNA accessibility changes in an in vivo human
data set. DNA accessibility is a hallmark of specific TF binding
(Maurano et al. 2015); if alleles differ in their degree of DNase I
FIG. 1. Pipeline for evaluation of SNP effects on DNA shape. (A) Human SNPs derived from DNase-seq data were divided into three groups, 1)
strongly imbalanced SNPs, 2) weakly imbalanced SNPs, and 3) SNPs without imbalance, according to their effect on DNA accessibility. Drosophila
SNPs, called from 216 natural strains ofD.melanogaster and located within blastoderm stage-active CRMs, were divided into two groups, a) SNPs in
functional regions and b) SNPs in nonfunctional regions, based on the criteria shown in the center. The same analysis was repeated for a larger
number of Drosophila SNPs in putative CRMs. (B) Example calculation of DNA shape variation for one SNP. One single-nucleotide variant at
position 0 would result in DNA shape changes at the five nucleotide positions centered around the variant. First, vectors of MGW for each allele
were predicted using DNAshape (Zhou et al. 2013). Euclidean distances between MGWs of the two alleles were calculated as the DNA shape
variation of the SNP (see Materials and Methods).
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accessibility, then we can infer that they will differ in their
degree of TF binding. By analyzing DNase-seq signals at het-
erozygous sites, Maurano et al. (2015) classified SNPs located
in DNase I hypersensitive sites into three groups: 1) strongly
imbalanced SNPs (0.1% false discovery rate [FDR] and>70%
imbalance), 2) weakly imbalanced SNPs (5% FDR), and 3)
SNPs without imbalance, as defined by (Maurano et al. 2015).
We calculated and plotted the distribution of DMGW
values of SNPs for all three groups (fig. 3). Although the
DMGW distributions for all three groups were similar in
shape, the distributions for imbalanced SNPs were signifi-
cantly shifted towards larger DMGW values (without imbal-
ance vs. strongly imbalanced: Mann–Whitney
P¼ 1.44 1012, shuffling test P¼ 0.023 using “bogus”
MGW predictions; without imbalance vs. weakly imbalanced:
Mann–Whitney P¼ 1.40 103, shuffling test P¼ 0.201;
strongly imbalanced vs. weakly imbalanced: Mann–Whitney
P¼ 4.10 108, shuffling test P¼ 0.011; see Materials and
Methods for shuffling test; supplementary fig. S1A,
Supplementary Material online). As the group of SNPs be-
came increasingly imbalanced, the distribution shifted to-
wards larger DMGW values. This observation revealed an
association between imbalanced SNPs and increased
DMGW, and indicated that drastic DNA shape changes could
lead to loss of specific TF binding.
Disease-Associated SNPs Potentially Alter TF Binding
through Shape Changes
We have illustrated that alternate alleles of SNPs could result
in different DNA shape patterns, thereby potentially
FIG. 2. Local effect of SNPs on MGW profiles. Effects of SNPs on their surrounding MGW patterns varied with allele type and local DNA context.
MGW patterns of local DNA region for two alternate alleles of SNPs were plotted in blue and red, respectively. At one extreme of the spectrum
were SNPs (A and B) that had very small effects on local MGW. At the other extreme were SNPs (C and D) that completely disrupted the local
MGW geometry. Between these two extremes were SNPs that led to an intermediate extent of variation in local DNA shape, whereas potentially
still affecting TF binding (E and F).
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influencing TF binding through effects on shape readout and
possibly leading to disease due to altered expression of the
target genes (Maurano et al. 2012; Mogno et al. 2013). Thus,
the pathogenesis of some diseases may be attributed to the
loss of preferred DNA shape at TFBSs. However, loss of the
preferred DNA shape at TFBSs is not the only possible path-
ogenic mechanism for disease-associated SNPs. Therefore, we
did not attempt to correlate disease with DNA shape changes
generally, but instead analyzed the effects on DNA shape by
SNPs that were shown in the literature to affect TF binding.
Here we highlight a few examples in which shape-disrupting
SNPs could potentially cause disease.
For example, the T allele of SNP rs339331 increases the
DNA binding affinity of HOXB13, leading to overexpression of
Regulatory Factor X 6 (RFX6), which promotes prostate can-
cer cell growth and invasion (Huang et al. 2014). Examining
the effect of the allele on local DNA shape (fig. 4A), we found
that the risk allele T induced a narrower minor groove in the
core-binding site TTTTAT. The DMGW of approximately
1.3 A˚ is at the right tail of the distribution in figure 3, indicat-
ing a largeDMGW for this SNP. This finding is consistent with
our previous studies showing that MGW plays a role in
achieving homeodomain binding specificity (Slattery et al.
2011; Abe et al. 2015; Dror et al. 2015).
Another SNP, rs6893009, located in a PU.1 binding site, is a
strong binding quantitative trait locus as measured by ChIP-
seq experiments (Tehranchi et al. 2016). These ChIP-seq
measurements found that the SNP was in perfect linkage
disequilibrium with a Crohn’s disease-associated SNP,
rs4958847 (Parkes et al. 2007). Interestingly, we previously
showed that DNA shape features help to guide binding of
PU.1 (Barozzi et al. 2014). Investigation of how rs6803009
affects local DNA shape showed that the SNP caused a large
change in MGW of approximately 1.3 A˚ (fig. 4B), consistent
with our previous finding that MGW was a predominant
structural determinant of PU.1 binding.
Our analysis also revealed medium-to-strong MGW
changes caused by SNPs located in the c-MYB, GATA3, ER-
a, and TCF7L2 binding sites (fig. 4C–F), all of which are
disease-associated SNPs with evidence of disrupted TF bind-
ing (Jin et al. 2010; Miyoshi et al. 2010; Alipanahi et al. 2015;
Mathelier et al. 2015).
DNA Shape in Functional Regulatory Regions of the
Drosophila Genome Is More Conserved
The above results suggested a possible link between DNA
shape changes and loss of TF–DNA binding, leading us to
hypothesize that DNA shape in TFBS regions is under puri-
fying selection. To test this hypothesis, we analyzed SNP data
derived from 216 natural strains of D. melanogaster to un-
cover the signal of DNA shape selection. We used these data
because of the large numbers of sequenced individuals, an-
notated cis-regulatory modules (CRMs), and available PWMs
for TFs in the D. melanogaster genome.
First, we identified SNPs within experimentally verified
CRMs in the Drosophila genome that regulate gene expres-
sion during the blastoderm stage, as annotated in the REDfly
database (see Materials and Methods) (Gallo et al. 2011). We
focused on these CRMs because we were able to identify a
high-confidence set of functioning TFs at the blastoderm
stage, whereas such a set of TFs was unavailable for other
developmental stages. CRMs are composed of TFBSs and in-
tervening sequences. We assumed that within CRMs, TFBSs
and their flanking regions as well as nucleotide positions with
high conservation scores are functionally important. This as-
sumption enabled us to divide CRMs into two distinct DNA
fragment sets, that is, functional and nonfunctional regions
(see Materials and Methods).
Next, we conducted comparative studies on SNPs in those
two regions. We plotted the distributions of DMGW values
for SNPs in functional and nonfunctional regions within
Drosophila CRMs that are active in the blastoderm develop-
mental stage (fig. 5A). Compared with the DMGW distribu-
tion for functional regions (red), the distribution for
nonfunctional regions (blue) was significantly shifted towards
largerDMGW values (Mann–Whitney P¼ 2.62 104; shuf-
fling test P¼ 0.001; supplementary fig. S1B, Supplementary
Material online). When we compared the distributions of
shuffled DMGW values using “bogus” MGW predictions,
the shift was not significant (see Materials and Methods;
fig. 5B shows one shuffling). This result indicated that SNPs
in functional regions were less likely to induce drastic DNA
shape changes, implying that SNPs that greatly change MGW
in these regions were removed by purifying selection. Results
of multi-allelic analysis confirmed this notion that local DNA
shape was more conserved in functional than in nonfunc-
tional regions (see Materials and Methods; supplementary fig.
S2, Supplementary Material online).
FIG. 3. Distribution of MGW changes for strongly imbalanced SNPs,
weakly imbalanced SNPs, and SNPs without imbalance in human.
Distributions of DMGW values for imbalanced SNPs (red and green
plots) were shifted rightward compared with SNPs without imbal-
ance (blue plot). The more imbalanced the SNPs were, the larger the
DMGW or change in DNA shape was. Asterisks are color-coded to
indicate the SNP distributions being compared. Sample sizes for all
groups are listed in the legend.
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SNPs with Higher Minor Allele Frequency Tend to
Relate to Smaller DNA Shape Change
We further classified SNPs in functional regions within CRMs
into high- and low-frequency groups based on their MAFs. To
create similarly sized groups, we used a frequency cutoff of
0.04. Plotting the DMGW distributions for SNPs in these two
groups, we observed that SNPs with higher MAFs tended to
have smaller variations of MGW (fig. 5C; Mann–Whitney
P¼ 3.97 102; shuffling test P¼ 0.045; supplementary fig.
S1B, Supplementary Material online). Although this observa-
tion implies that SNPs that greatly change DNA shape are less
likely to have large MAFs, we caution that the biological effect
is likely small for most SNPs. To ensure that the observed
negative correlation between MAF and DMGW values was
meaningful, we used SNPs in nonfunctional regions as a neg-
ative control group. Using this negative control, we compared
distributions of DMGW values for the high- and low-
frequency groups as we did for SNPs in functional regions.
In this case, no negative correlation between MAF and
DMGW could be found (fig. 5D; Mann–Whitney P¼ 0.822;
shuffling test P¼ 0.819; supplementary fig. S1B,
Supplementary Material online). These results further sup-
port our hypothesis that purifying selection acts on DNA
shape near TFBSs.
Large Data Set of SNPs in Putative CRMs Confirmed
the Observations for SNPs in Validated CRMs
We repeated the same analysis on a larger data set of SNPs in
putative CRMs of the Drosophila genome defined based on
DNase I accessibility (see Materials and Methods). In compar-
ison to the DMGW distribution for functional regions, the
distribution for nonfunctional regions was significantly shifted
towards larger DMGW values (Mann–Whitney
P¼ 5.31 1029; fig. 6A). The shift between distributions of
shuffled DMGW values that were calculated from “bogus”
MGW predictions was not significant (fig. 6B). This analysis
FIG. 4. DNA shape variation caused by disease-associated SNPs. (A) DNA shape variation caused by SNP rs339331 in the HOXB13 binding site.
HOXB13 prefers binding to a narrower MGW induced by risk allele T. (B) DNA shape variation caused by SNP rs6893009 in the PU.1 binding site.
The SNP caused large variance in MGW, which was previously reported to be a predominant structural determinant of PU.1 binding. DNA shape
variation caused by (C) SNP rs445 in the c-MYB binding site, (D) a SNP in the GATA3 binding site, (E) SNP rs909116 in the ER-a binding site, and (F)
SNP rs6983267 in the TCF7L2 binding site.
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also confirmed the negative correlation between MAF and
DMGW (Mann–Whitney P¼ 6.27 1015; fig. 6C). Using
SNPs in nonfunctional regions as negative control, no nega-
tive correlation between MAF and DMGW could be found
(fig. 6D). Thus, this complementary analysis using a large data
set of SNPs in putative CRMs reaffirmed our observations for
SNPs in experimentally validated CRMs.
Discussion
Comparative studies have shown that at least 3–8% of all
nucleotides in the human genome are under purifying selec-
tion, and many of these nucleotides are located in noncoding
regions of the genome (ENCODE Project Consortium 2012).
The conservation level of a nucleotide position reflects its
functional importance. However, nucleotide sequence may
not be the sole target of selective pressure (Parker et al.
2009). In this study, our findings suggest that purifying selec-
tion also acts on DNA shape. Due to the methodology cur-
rently available to probe structural features of the genome
(Zhou et al. 2013; Li et al. 2017), only local DNA shape could
be analyzed in this study. We, therefore, did not address global
genomic topological information, such as data obtained from
chromosome conformation capture-based experiments
(Dekker 2016; Dekker and Mirny 2016), which is also likely
to be under evolutionary selection (Kovina et al. 2017).
In DNase-seq data, allelic imbalance of a SNP reflects a
change in protein binding at the locus. We showed that
allelicly imbalanced SNPs in human DNase I hypersensitive
sites tended to induce slightly larger changes in DNA shape
than SNPs without allelic imbalance in DNA accessibility
in vivo. This shift in DNA shape change suggested a role for
DNA shape in determining TF binding specificity and sheds
light on the mechanism of DNA shape-targeted purifying
selection. Although statistically significant, the magnitude of
the shift of shape variation was relatively small. One possible
explanation for this result is that, although many TFs employ
DNA shape readout in addition to base readout, not all TFs
use shape readout to the same extent (Yang et al. 2017). By
aggregating data from regions where many different TFs bind,
signals from TFs with different levels of dependence on DNA
FIG. 5. Distributions of MGW changes for Drosophila SNPs in experimentally validated CRMs at different locations and with different MAFs. (A)
Distribution of DMGW values for SNPs in functional and nonfunctional regions (see Materials and Methods for definition) using the DNAshape-
derived MGW. Compared with the distribution for functional regions (red plot), the distribution for nonfunctional regions (blue plot) was
significantly shifted rightward, indicating that SNPs induced greater changes in DMGW in nonfunctional than in functional regions. (B)
Distribution of DMGW values for SNPs in functional and nonfunctional regions, using one of the shuffled MGW predictions. Using arbitrarily
shuffled MGW, no signal of purifying selection emerged. (C) Distribution ofDMGW values for SNPs with high and low MAF in functional regions.
Distribution of DMGW values for low MAF was significantly shifted towards the right. (D) Distribution of DMGW values for SNPs with high and
low MAF in nonfunctional regions. Distributions of these two groups exhibited no significant difference. Sample sizes for all groups are listed in the
legends.
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shape for binding specificity are aggregated together, which
likely dilutes the overall signal.
The effect of DNA shape on TF binding is also supported
by the work of other researchers. In a study of the effect of
SNPs on TF binding, allele-specific binding events strongly
correlated with TFBS alterations (Shi et al. 2016). Within
each TF binding motif, certain positions were more sensitive
to allele-specific binding events. For example, the binding of
the CCAAT/enhancer-binding protein (CEBPB), which binds
to an 11-base pair (bp) DNA motif as a dimer, was particularly
sensitive to position 6 at the center of the motif (Shi et al.
2016). Interestingly, in separate work that used machine
learning to study the position-dependent DNA shape impor-
tance in TF binding (Yang et al. 2017), we observed that one
side of the CEBPB half-site exhibited stronger shape impor-
tance, coinciding with the central position identified by (Shi
et al. 2016). Taken together, these findings suggest a mecha-
nism by which DNA shape affects TF binding as a prerequisite
for natural selection. Alterations in TF binding due to shape-
disrupting SNPs could also cause disease, as illustrated above
with examples of disease-associated SNPs.
Furthermore, we found statistical evidence that purifying
selection acts on DNA shape features, based on SNP data
derived from 216 natural strains of D. melanogaster. In func-
tional TF binding regions, DNA tended to maintain its shape.
We hypothesized that, if DNA shape is functional, then the
more common a SNP is, the more likely it conserves the local
DNA shape, as shape-disrupting SNPs would have been re-
moved through purifying selection due to their deleterious-
ness. Our statistical analysis confirmed this hypothesis.
Specifically, we found that in functional TF binding regions,
SNPs with larger MAFs were more likely to result in smaller
shape variations, whereas such a correlation was not present
in nonfunctional regions. Although the difference in shape
changes between high and low MAFs was small, it was sta-
tistically significant for SNPs in experimentally validated
CRMs, with the significance level being much higher for a
larger data set of SNPs in putative CRMs.
In summary, we propose that selection acts on TF binding
partially through maintenance of DNA shape. This under-
standing adds a new perspective to the practical study of
genome evolution. The accuracy of regulatory SNP prediction
FIG. 6. Distributions of MGW changes for Drosophila SNPs in putative CRMs at different locations and with different MAFs. (A) Distribution of
DMGW values for SNPs in functional and nonfunctional regions (see Materials and Methods for definition) using the DNAshape-derived MGW.
Compared with the distribution for functional regions (red plot), the distribution for nonfunctional regions (blue plot) was significantly shifted
rightward, indicating that SNPs induced greater changes inDMGW in nonfunctional than in functional regions. (B) Distribution ofDMGW values
for SNPs in functional and nonfunctional regions, using one of the shuffled MGW predictions. Using arbitrarily shuffled MGW, no signal of
purifying selection emerged. (C) Distribution of DMGW values for SNPs with high and low MAF in functional regions. Distribution of DMGW
values for low MAF was significantly shifted towards the right. (D) Distribution ofDMGW values for SNPs with high and low MAF in nonfunctional
regions. Distributions of these two groups exhibited no significant difference. Sample sizes for all groups are listed in the legends.
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has recently increased dramatically due to more efficient
machine-learning methods (Alipanahi et al. 2015; Lee et al.
2015). As adding DNA shape information has been demon-
strated to improve the modeling of TF–DNA binding specif-
icities (Zhou et al. 2015; Mathelier et al. 2016; Yang et al. 2017),
we envision that adding information of DNA shape variation
can further improve the prediction accuracy in the identifi-
cation of regulatory or pathogenic noncoding variants.
Materials and Methods
Single Nucleotide Polymorphism Data
Human
A total of 362,284 common variants called from 493 high-
resolution DNase-seq profiles were considered in this study
(Maurano et al. 2015). Among these variants, 64,597 SNPs
were identified as allelicly imbalanced in TF occupancy and
DNA accessibility in vivo, based on the allelicly imbalanced
read counts in the DNase-seq data. Among these imbalanced
SNPs, 55,141 were identified as weakly imbalanced (5% FDR),
and 9,456 were strongly imbalanced (0.1% FDR and>70%
imbalance; fig. 1A).
Drosophila
Genomic data for 216 natural strains of D. melanogaster from
two resequencing projects (Mackay et al. 2012; Campo et al.
2013) were downloaded from NCBI Sequence Read Archive
(accession numbers PRJNA36679 and PRJNA74721). For this
vast amount of data, SNP calling as described in (Campo et al.
2013) yielded 2,605,315 SNPs that occurred at least twice
among the 216 individuals. The MAF of each SNP was calcu-
lated from these data. Here, we only investigated SNPs located
within blastoderm stage-active CRMs, representing regions in
which TFs bind during the blastoderm stage. We obtained the
set of CRMs annotated as “blastoderm embryo” in the REDfly
database (Gallo et al. 2011). These CRMs have been experi-
mentally validated to regulate gene expression during
Drosophila embryonic development (Gallo et al. 2011). We
filtered this list to eliminate regions<100 bp long, as de-
scribed in (Su et al. 2010), which resulted in 342 regions. By
requiring an overlap with these CRMs, we narrowed the num-
ber of SNPs down to 1,603 (fig. 1A).
Alternatively, with a less stringent criterion, we were able
to identify a larger number of putative CRMs based on DNase
I accessible regions found during Drosophila embryonic de-
velopment (Thomas et al. 2011). We selected regions that
were accessible during stage 5 and “developmentally dynam-
ic”, that is differentially accessible at reported developmental
time points (Thomas et al. 2011). We further filtered this list
to eliminate regions<100 bp long (Su et al. 2010), resulting in
4,699 regions. Requiring an overlap with these putative CRMs
yielded 41,147 SNPs (fig. 1A). Although this definition of pu-
tative CRMs likely included false positives, it allowed testing of
our hypothesis based on a large number of SNPs (fig. 6).
Definition of Functional and Nonfunctional Regions in
Drosophila
Functional genomic regions are more likely than nonfunctional
regions to be under selection (ENCODE Project Consortium
2012). PhastCons (Siepel et al. 2005) is a widely used approach
to identify evolutionarily conserved elements based on multiple
sequence alignment and a phylogenetic tree. This approach
produces continuous values for conservation scores for each
nucleotide position of the genome. The higher the score is,
the more conserved the respective nucleotide position is.
We defined the functional and nonfunctional regions
within CRMs based on the following criteria (fig. 1A):
(1) A nucleotide position with phastCons conservation
score>0.1 was considered to be in a functional region.
(2) A nucleotide position that had a conservation score
0.1 and was not located within any of the identified
TFBSs or their immediate 5-bp flanking regions was
considered to be in a nonfunctional region.
We excluded TFBSs with low conservation scores from
nonfunctional regions to rule out the possibility of underes-
timation of conservation levels calculated by the sequence-
based method. PhastCons conservation scores for alignments
of genomes of 14 insects from D. melanogaster (dm3 assem-
bly) at each nucleotide position were downloaded from the
UCSC Genome Browser (Tyner et al. 2017).
TFBSs in CRMs were located through motif scans. To
search for motif matches, we used PWMs of the 34 principal
TFs (supplementary table S1, Supplementary Material on-
line) that are active during the blastoderm stage of
Drosophila development, as defined by FlyFactorSurvey
(Zhu et al. 2011) and the PATSER program (Stormo et al.
1982). We used a GC content of 0.406, corresponding to the
intergenic GC content of D. melanogaster (Berman et al.
2002), and a P-value cutoff of 0.001.
Genome-Wide Prediction of DNA Shape
The MGW values used in this study were predicted with
DNAshape, a high-throughput method for predicting DNA
structural features (Chiu et al. 2016; Zhou et al. 2013).
DNAshape uses a precomputed pentamer query table that
stores the DNA shape information for all 512 unique pen-
tamers (fig. 1B). We focused in this study on MGW due to its
well-established role in DNA shape readout and because
MGW, unless other dinucleotide-based features such as helix
twist, propeller twist, or roll, is defined over a region of several
nucleotides.
Calculation of Euclidean Distance of Minor Groove
Width between Two Alleles
Pentamer-based MGW prediction with the DNAshape ap-
proach was shown to agree well with experimental structural
data (Zhou et al. 2013). Based on this modeling assumption,
one single-nucleotide variant would result in DNA shape
changes of the five consecutive nucleotide positions centered
around it. Thus, prediction of MGW at these five positions
relies on the 9-mer sequence context (fig. 1B). For any SNP, we
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denoted the 9-mer sequence context as
S4S3S2S1S0S1S2S3S4, where S0 is the SNP locus. We de-
fined the DNA shape for each allele i of this SNP as
!
MGW
i
,
where
MGW
* i ¼ MGWi2; MGWi1; MGWi0; MGWi1; MGWi2
 
We regarded the most frequently occurring allele as the
reference allele and all other alleles as alternative alleles.
To quantify the variation of local MGW between two al-
ternate alleles of a SNP, we calculated the Euclidean distance
DMGW between the reference allele (ref) and alternative al-
lele (alt), as follows:
DMGW ¼
ﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃXk¼2
k¼2 ðMGW
ref
k MGWaltk Þ2
r
where k indicates the relative position to the SNP (fig. 1B).
Quantification of the variation in local MGW can be ex-
panded to multi-allelic SNPs by averaging DMGW values be-
tween the reference allele and each alternative allele. For
example, consider a SNP having n> 2 alleles (one reference
allele and n–1 alternative alleles). For each alternative allele
altm, a DMGWm value can be calculated using the above
formula. The MGW change of the multi-allelic SNP can be
defined as follows:
!
DMGW ¼ 1
n 1
Xn1
m¼1 DMGWm
Statistical Analysis
The Mann–Whitney U test, also called the Wilcoxon rank
sum test, is a nonparametric statistical test that is used to
analyze differences between the medians of two data sets. We
applied the Mann–Whitney U test to evaluate the difference
in DMGW distributions between SNPs with and without
imbalance, between SNPs in functional and nonfunctional
regions, and between SNPs with high and low MAFs. The
P-value of each test was calculated.
Shuffling of the Pentamer Query Table and Statistical
Verification
The DNAshape method predicts MGW based on a pentamer
query table that is derived from data mining of all-atom
Monte Carlo simulations (Zhou et al. 2013). To rule out the
possibility that the statistical significance of detected purifying
selection signals is an artifact of associating each pentamer
with a floating number (i.e., MGW), we generated 1,000 shuf-
fled pentamer tables. For each shuffled table, we derived the
“bogus” DMGW values for each SNP (shuffled DMGWs) and
computed a new P-value for every statistical test that we
conducted.
We calculated the shuffling test P-value as the ratio be-
tween the number of new P-values that were lower than the
originally reported P-value and the number of shuffles (1,000).
In other words, the shuffling test P-value was the probability
that the distribution difference can be observed by randomly
associating a pentamer with a floating number. Statistical
verification using the shuffled pentamer tables indicated
that the observed purifying selection indeed acted on DNA
shape rather than DNA sequence.
Supplementary Material
Supplementary data are available at Molecular Biology and
Evolution online.
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